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Summary

Our work addressed the design of wavelet based robust detectors and classifiers for SAR
based applications. We considered two types of problems. The first is due to defocusing
or blurring resulting from phase distortions in the SAR image formation process. The
second arises when attempting to classify the type of clutter occurring in SAR. To
address the first issue, we developed a geometric design for robust detection. To achieve
robust classification of clutter, we developed a wavelet packet base matching to families
of random processes.

Geometric approach to robust detection In synthetic aperture radar (SAR) and inverse
SAR (ISAR), a scatterer is located by its range and range rate, [Curlander & Mcdonough,
1991]. Processing the SAR/ISAR data is a challenge largely because the differential
range and the differential range rate to each scatterer vary over the coherent aperture time
required for azimuth resolution. It is common to refer to these effects as motion through
resolution cells (MTRC), [Carrara, Goodman, and Majewski 1995, Brown & Frederick,
1969]. As a result of the phase errors induced by MTRC the images of targets are
smeared out, the range-Doppler image is blurred and loss of resolution in the SAR/ISAR
system occurs. The problem is made worse in fine resolution SAR/ISAR systems where
targets extend over several radar cells. In general, the blurring effect is space-variant.
This means that the blurred target template is different for different target locations. This
space-variant blurring effect is a major challenge to SAR target detection.

The performance of a detector optimally designed for one target template (target assumed
at a given location) will deteriorate because the target may be a different location,
consequently exhibiting a different template. It is important to develop detection
algorithms that are robust to the smearing effects caused by MTRC.

Ways of handling the MTRC include accurate phase compensation during the image
formation process. For example, see for example [Carrara, Goodman, and Majewski
1995], in spotlight SAR, the polar format algorithm (PFA) and the range migration
algorithm (RMA), the extended coherent processirg algorithm (ECP) or the enhanced
image processing algorithm (EIP), [Ausher, Kozma, walker, Jones, & Poggio, 1984], are
designed to compensate for the MTRC. Other algorithms for SAR/JISAR MTRC
compensation include [Wu & Vant, 1984], [Wermess, Carrara, Joyce, & Franczak, 1990],
[Jain & Patel, 1992], and [Berizzi & Corsini, 1996]. For a discussion on motion
compensation algorithms for stripmap SAR see [Carrara, Tummala, & Goodman, 1995].
These algorithms are usually computationally complex because their implementation
requires nonuniform interpolation in the Fourier transform domain. Implementing these
algorithms in real time is out of reach for on-board processing of phase history data. It is
desirable to avoid these costly interpolation techniques, see [Moore, 1996], [Beylkin,
Gorman, Li, Fliss, &Ricoy95].

We focused our work on SAR systems. We considered a simple image formation
algorithm like the rectangular format algorithm (RFA), which essentially involves inverse
fast Fourier transforms and can be implemented in real-time, on-board the SAR platform.
Of course such an algorithm leads to SAR images that are blurred and defocused. Our
approach is to design detection algorithms that are robust to the type of blurring that
arises under these circumstances. To succeed, we first modeled the blurring resulting




from the uncompensated phase due to MTRC. We demonstrated that the uncompensated
image of a target could be described as a superposition of multiple space-shifted and
scaled echoes of the fully compensated target image. This model provided us with a good
characterization of the distortions. We finally used this model to design a detector that is
robust to the spreading of the target over multiple echoes with arbitrary space shifts.

Our approach to designing the robust detector is geometrically based. We first define a
signal set S that is the collection of the possible MTRC defocused target sicaatures. For
important classes of SAR signatures, this set turns out to be a linear subspace. The
optimal robust target detector is the generalized likelihood ratio test (GLRT) detector,
[Scharf]. The GLRT detector determines the orthogonal projection of the observed SAR
signature on this signal subspace. We say that the GLRT detector is matched to the signal
set S. Finding this orthogonal projection involves the maximum likelihood (ML)
estimation of the MTRC defocused image, which is a costly multidimensional nonlinear
parameter optimization problem. Our strategy is to design a new subspace G that is close
to the signal subspace S but such that the detector matched to G is simple to implement.
We refer to G as the representation subspace. The closeness between S and G is measured
by the gap metric, [Kato, 1976], [He & Moura, 1997], which is an appropriate measure
for the similarity between two linear subspaces. We showed that the new robust detector
is easy to implement and that it provides better performance than other alternative simple
detectors commonly used in practice. We developed a wavelet-based subspace design
algorithm to design the representation subspace G. Once we have the representation
subspace G the new detector is easily implemented by taking inner products with integer
shifts of a single function. Simulation results showed that the new focused detector
provides significant gain over alternative detectors.

Matching wavelet packets approach to robust detection The second problem we
considered in our research is the problem of robust terrain classification of land cover
types in polarimetric SAR (POL-SAR). In these systems, the statistics duscribing the
target terrains change. Variations in frequency, polarization, and observation angle
induce changes in the radar-target phenomenology and yield multiple signatures for the
backscatter from each terrain type, making the design of a single classifier that operates
successfully on a wide spectrum of input data highly desirable. In our approach to robust
classification, we developed a representative terrain model for each land cover type that
serves as an aggregate description for the scattering behavior of a terrain under different
circumstances. The robustness of the classifier to changes in terrain characteristics
depends on both the tightness of the original cluster of signatures and the quality of the
ensuing approximation. Since the former is dictated by empirically collected data, we
addressed the latter constraint using wavelet-based representative processes. We
developed an algorithm that designs the wavelet packet bases that best approximates a set
(one or more) of random processes. Best is defined in the sense of minimizing the
Bhattacharyya coefficient, which is a good metric to use in detection and classification
problems.

Working with second order statistics, rewriting the Bhattacharyya distance in terms of the
covariance, the problem of matching to a family of random process a wavelet packet base




is reduced to the design of wavelet packet based mean and covariance matrix. We
developed two separate fixed-point algorithms that determine the set of eigenvalues for
the wavelet-based covariance matrix and the accompanying mean vector. The unitary
matrix of eigenvectors for the wavelet-based covariance matrix may be any of the
admissible wavelet packet bases in the tree spawned by a wavelet/ scaling filter pair. The
number of possible basis in a dyadic, orthonormal, wavelet packet tree is combinatorially
large. We developed a best-basis search that optimizes the Bhattacharyya distance. We
tested the algorithm with both synthetic data and POL-SAR data. The POL-SAR data 1s
from the boreal ecosystem atmospheric study (BOREAS), and it is fully polarimetric
(HH, VV, HV) at three frequencies (P-band, L-band, and C-band). This data was
collected during the AIRSAR missions and have 1024 x 1279 pixels, each pixel
corresponding to a resolution of 6 m x 12 m. We showed that the single Bhattacharyya
distance based classifier operating on the basis of a process representative of the three
polarizations data outperformed the Bayes classifier, i.., the optimal classifier, operating
on the basis of a single polarization (either HH or VV).

Transition During the course of this work we gave several talks at Northrop-Grumman
ESSS Division in Baltimore-Washington. We worked with the Radar Systems
Engineering Group. Two former students joined subsequently their group. Another
student has joined Lincoln Laboratory.

Journal publications and Conference presentations We published five Journal papers
and seven Conference papers detailing our results, see below.
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